Globally, gastric cancer (GC) is the third most common source of cancer-associated mortality. The aim of this study was to identify key genes and circular RNAs (circRNAs) in GC diagnosis, prognosis, and therapy and to further explore the potential molecular mechanisms of GC.
Background
Globally, gastric cancer (GC) is the third most common cause of cancer-associated mortality [1] . In the United States, an estimated 26 240 cases of gastric cancer were diagnosed in 2018, and 10 800 patients died of the disease [2] . Because of the lack of specific signs of early GC, most patients (>70%) are diagnosed with advanced-stage GC, after the best opportunity for treatment [3] . Although considerable advancements in the diagnosis and treatment of GC have been achieved, the prognosis of GC patients remains poor, particularly for those with advanced disease [4] . Therefore, a deeper understanding of the mechanisms involved in GC progression and identification of potential biomarkers and targets for the diagnosis, prognosis, and therapy of GC are urgently needed.
Bioinformatics analyses, including the analysis of gene interaction networks, microarray expression profiles, and gene annotations, are being utilized as powerful tools for identifying potential diagnostic and treatment-relevant biomarkers of cancers [5] . For instance, by analyzing data from the Gene Expression Omnibus (GEO) database, Cao et al. identified 5 genes (COL1A2, COL1A1, COL4A1, THBS2, and ITGA5) as potential biomarkers and therapeutic targets for GC [6] . In addition, by analyzing data from GEO and The Cancer Genome Atlas (TCGA), Zhu et al. found that high expression of CDK1 is a prognostic factor for hepatocellular carcinoma (HCC), making it a potential therapeutic target and biomarker for the diagnosis of HCC [7] . In particular, the method of integrated bioinformatics analysis can be used to overcome inaccuracies in sequencing due to small sample sizes [8] .
Circular RNAs (circRNAs) are a novel class of endogenous noncoding RNAs that form a covalently closed continuous loop by back-splicing events via exon or intron circularization [9, 10] . Owing to the development of high-throughput sequencing, researchers have discovered thousands of circRNAs, and emerging evidence has shown that circRNAs are involved in the progression of oncogenesis, invasion, and metastasis by regulating microRNAs (miRNAs) [10] . However, at present, most studies involving circRNAs have been limited to the sequencing of a few samples [11] or exploring the biological function of a single circRNA [12] . To the best of our knowledge, no researchers have yet used integrated analysis of multiple datasets to investigate GC-related circRNAs.
In this study, differentially expressed genes (DEGs) between human GC tissues and adjacent non-tumor tissues were identified via analysis of public GEO datasets. Next, to explore the roles of these genes, functional enrichment analyses and pathway enrichment analyses were performed. Then, protein-protein interaction (PPI) networks were successfully constructed. The key genes and significant modules in the networks were identified. Kaplan-Meier analysis was performed to evaluate the prognostic value of these key genes. Furthermore, 3 additional circRNA expression profiles were analyzed to identify differentially expressed circRNAs (DE circRNAs) between GC and adjacent non-tumor tissues. Finally, DE circRNA-miRNAmRNA networks were constructed. The present study provides useful information for the exploration of potential biomarkers and targets for the diagnosis, prognosis, and therapy of GC.
Material and Methods

Microarray data source
Microarray data were obtained from the GEO database (http:// www.ncbi.nlm.nih.gov/geo), a free database containing microarray profiles and next-generation sequencing data. Three mRNA expression profiles (GSE19826, GSE54129, and GSE79973), including data from 133 GC tissues and 46 adjacent non-tumor tissues, were downloaded to identify DEGs, while 3 circRNA expression profiles (GSE83521, GSE89143, and GSE93541), including data from 12 GC samples and 12 normal gastric samples, were downloaded to select DE circRNAs. Details for each dataset are provided in Table 1 .
Identification of DEGs and DE circRNAs
The GEO2R tool (https://www.ncbi.nlm.nih.gov/geo/geo2r) was used to identify DEGs and DE circRNAs between GC and adjacent non-tumor tissues. Values of |log 2 fold change| (|log2FC|) >1 and p<0.05 were set as cut-off criteria. Venn diagrams were constructed to determine intersections via VENNY 2.1 software (http://bioinfogp.cnb.csic.es/tools/venny/index.html) [13] .
GO analysis and KEGG analysis
GO analysis is widely used to provide gene annotation terms [14] , and the KEGG database is widely used for pathway enrichment analysis [15] . In the present study, an online tool, the Database for Annotation, Visualization and Integration Discovery (DAVID 6.8) (https://david.ncifcrf.gov), was used to perform GO analysis [16] . KEGG analysis was performed using the online tool KOBAS 3.0 (http://kobas.cbi.pku.edu.cn) [17] , with 4 databases, including KEGG Pathway (https://www.genome.jp/kegg), Reactome (http://www.reactome.org), BioCyc (https://biocyc.org/), and PANTHER (http://www.pantherdb.org), were used in the analysis. A value of p<0.05 was selected as the threshold for significant GO and KEGG terms.
Construction of PPI and DE circRNA-miRNA-mRNA networks
Search Tool for the Retrieval of Interacting Genes (STRING) (https://string-db.org/) was used to construct PPI networks [18] .
A combined interaction score >0.5 was used as the cut-off criterion for the extraction of PPI pairs. Cytoscape software version 3.6.0 (http://www.cytoscape.org/) was used for visualization of the PPI and DE circRNA-miRNA-mRNA networks [19] . The cytoHubba plug-in was used to screen hub genes, with a cut-off of degree ³20. The MCODE plug-in was used to identify significant modules of the PPI networks in Cytoscape, with cutoff criteria of degree ³5 and k-core ³4.
Validation of gene expression UALCAN (http://ualcan.path.uab.edu), an online tool used to analyze gene expression data from The Cancer Genome Atlas (TCGA) database (including 34 normal gastric tissues and 415 primary tumors), was used to validate the expression of hub genes in the PPI networks. P<0.05 was considered to indicate a statistically significant difference [20] ,
Survival analysis
The Kaplan-Meier plotter database (http://kmplot.com), which is an online tool used to evaluate the prognostic values of genes in breast, ovarian, lung, and gastric cancer patients, was applied to analyze the associations between the hub genes in the PPI networks and overall survival [21] . Differences in the survival rates were statistically analyzed between patients with high and low expression levels of hub genes. The hazard ratio (HR) and its 95% confidence intervals were calculated. P<0.05 was considered to indicate a statistically significant difference.
Prediction of circRNA and miRNA targets
The miRNA-binding sites of DE circRNAs were predicted using the Circular RNA Interactome online tool (https://circinteractome.nia.nih.gov/) [22] . Possible targets of miRNAs were predicted using the miRWalk 2.0 online tool (http://zmf.umm.uniheidelberg.de/apps/zmf/mirwalk2), with a "predicted target module" [23] . Genes that appeared in 4 (miRWalk, miRanda, miRDB, and Targetscan) of the 12 software programs from miRWalk v.2.0 were considered as possible target genes. Then, comparison of the list of potential target genes with the list of DEGs identified from the 3 gene expression profiles (GSE19826, GSE54129, and GSE79973) produced an intersection of genes used to construct the DE circRNA-miRNA-mRNA networks.
Results
Identification of DEGs in GC
Three mRNA expression profiles including data from GC and adjacent non-tumor tissues were obtained from the NCBI GEO database (Table 1 ). In total, 2949, 3675, and 3251 DEGs from the GSE19826, GSE54129, and GSE79973 datasets, respectively, were extracted using GEO2R and met the thresholds of |log2FC| >1.0 and p<0.05 (Supplementary Table 1, Figure 1) . By comparing the DEGs from the 3 cohort profile datasets, an intersection of 507 common DEGs was obtained, including 196 genes that were upregulated and 311 that were downregulated in GC tissues compared to levels in adjacent nontumor tissues (Figure 2) . A list of all 507 DEGs is provided in Supplementary Table 2 .
GO analysis and KEGG analysis of DEGs
DEGs were functionally classified into the BP, CC, and MF categories. In the BP category, the top 3 most enriched terms were "collagen fibril organization", "cell adhesion", and "angiogenesis". In the CC category, the top 3 most enriched terms were "extracellular space", "proteinaceous extracellular matrix", and "collagen trimer". In the MF category, the top 3 most enriched terms were "extracellular matrix structural constituent", "heparin binding", and "extracellular matrix binding" (Supplementary Table 3 , Figure 3A-3C) . Moreover, the top 3 most enriched terms in the KEGG analysis were "extracellular matrix organization", "degradation of the extracellular matrix", and "collagen formation" (Supplementary Table 4 , Figure 3D ). 
PPI network construction and modular analysis
A total of 253 DEGs (122 upregulated and 131 downregulated) among the 507 common DEGs were used to construct the PPI networks, which included 253 nodes and 588 edges ( Figure 4 ). Using the cytoHubba plug-in, 10 genes -COL1A1, COL3A1, COL1A2, COL5A2, FN1, THBS1, COL5A1, SPARC, COL18A1, and COL11A1 -were confirmed as hub genes (Table 2, Figure 5A ). All of the hub genes were upregulated in the GC samples compared to levels in normal gastric samples. We further verified the expression of the 10 hub genes in the TCGA stomach adenocarcinoma database using UALCAN. The results showed that the expression levels of 9 of the 10 genes (all except THBS1), were significantly higher in primary tumors than those in the normal stomach tissues of GC patients from TCGA, suggesting that our results are highly credible (Supplementary Figure 1) . Using the MCODE plug-in, 3 significant modules were screened from the PPI networks ( Figure 5B-5D ). KEGG enrichment analysis showed that Module 1 was mainly associated with collagen metabolism, including collagen biosynthesis and modifying enzymes, collagen formation, collagen degradation, and assembly of collagen fibrils. Module 2 was mainly associated with platelet function, including platelet degranulation; response to elevated platelet cytosolic Ca
2+
; and platelet activation, signaling, and aggregation. Module 3 was mainly associated with chemical carcinogenesis, -O linked glycosylation, metabolic pathways, and biological oxidation ( Figure 5E , Supplementary Table 5 ).
Survival analysis of hub genes
Using the Kaplan-Meier plotter database, the prognostic value of the 10 hub genes was evaluated in 876 GC patients. The results indicated that 7 out of the 10 hub genes -COL1A1, COL1A2, COL5A2, COL11A1, COL18A1, FN1, and SPARC -were related to the OS of GC patients. High expression of each of the 7 genes was associated with poor OS in GC patients (p<0.05). In contrast, the other 3 hub genes -COL3A1, COL5A2, and THBS1 -were not related to the OS of GC patients (p>0.05) ( Figure 6 ).
Identification of DE circRNAs in GC
Three circRNA expression profiles including data from GC and adjacent non-tumor tissues were obtained from the GEO database (Table 1 ). In total, 150, 191, and 416 DE circRNAs from the GSE83521, GSE89143, and GSE93541 expression profiles, respectively, were extracted using GEO2R, meeting the thresholds of |log2FC| >1.0 and p<0.05 (Supplementary Table 6 ). By comparing the DE circRNAs from the 3 cohort profile datasets, we obtained 2 common DE circRNAs -hsa_circ_0000332 and hsa_circ_0021087 -both of which were downregulated in GC tissues compared to levels in adjacent non-tumor tissues ( Figure 7A , 7B). H e m o s t a s i s P l a t e l e t a c t i v a t i o n , s i g n a l i n g a n d a g g r e g a t i o n E x t r a c e l l u l a r m a t r i x o r g a n i z a t 
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Prediction of targets for circRNAs and miRNAs and construction of DE circRNA-miRNA-mRNA networks
Using the Circular RNA Interactome online tool to predict potential miRNAs capable of binding to the 2 DE circRNAs, we obtained a total of 13 miRNAs, 2 of which were for hsa_circ_0000332, while the remaining 11 were for hsa_circ_0021087. Using the miRWalk 2.0 online tool to predict the targets of these 13 miRNAs, we obtained 1563 genes. Then, by comparing the 1563 predicted targets with the 507 common DEGs identified from the gene expression profiles, we found that none of the predicted targets of 5 of the 13 miRNAs were included in the list of DEGs, while there were 42 predicted targets of 8 of the 13 miRNAs that were present on the list of DEGs (Table 3 , Figure 7C ). Based on these results, we constructed circRNA-miRNA-mRNA networks with the 2 circRNAs, 8 miRNAs, and 42 target genes using Cytoscape 3.6.0 software (Figure 8) .
From the networks, we found that hsa_circ_0021087, which interacted with 7 miRNAs and indirectly interacted with 39 target genes, may play a more important circRNA role in the GC network.
KEGG analysis of genes in the DE circRNA-miRNA-mRNA networks KEGG analysis of the 42 genes in the DE circRNA-miRNAmRNA networks was performed. The results indicated that these 42 genes were primarily enriched in the following terms: "signal transduction", "extracellular matrix organization", and "non-integrin membrane-ECM interactions" (Supplementary Table 7 , Figure 9 ).
Discussion
Numerous studies have been conducted to understand the causes and underlying mechanisms of GC occurrence and development over the past several decades; however, the incidence and mortality of GC remain very high globally [1, 4] . With the development of next-generation sequencing, largescale high-throughput molecular profiling studies are now providing molecular insights into the complex nature of this disease [24] . The overall aim of this study was to identify key genes and circRNAs for GC diagnosis, prognosis, and therapy and to further explore the potential mechanisms of GC by integrated profiling analysis.
Initially, 3 public GEO datasets were analyzed to identify DEGs between human GC tissues and adjacent non-tumor tissues. A total of 507 DEGs (311 upregulated and 196 downregulated) were identified. To further elucidate the underlying functions of these DEGs, GO analysis was performed. The results indicated several abnormally modified GO terms closely associated with cancer, such as cell adhesion, angiogenesis, negative regulation of angiogenesis, and regulation of cell growth. The results of KEGG analysis indicated that the most significantly enriched pathways were extracellular matrix (ECM)-related pathways, such as ECM organization, degradation of the ECM, and ECM proteoglycans. The ECM is a noncellular component that is composed of 2 major classes of molecules: glycosaminoglycans and fibrous proteins, which include collagen, elastin, fibronectin, and laminin [25] . As an important member of the tumor microenvironment, the ECM secreted by cancer and/or stromal cells affects the dissemination process through modulation of the interaction between cancer and endothelial cells and plays important roles in tumor angiogenesis, metastasis, and chemotherapy resistance [26] . Furthermore, other significantly enriched pathways, including integrin-related pathways (integrin cell surface interactions and integrin signaling pathway) and collagen-related pathways (collagen formation, collagen biosynthesis and modifying enzymes, collagen degradation, and assembly of collagen fibrils) are also related to the ECM. Integrins are a family of essential cell surface adhesion receptors with the ability to sense the content and stiffness of the surrounding ECM and transfer this information to cytoplasmic signaling pathways [27] . Collagen, as a key structural component of the ECM, is known to regulate cell migration, proliferation, differentiation, and survival by signaling through cell surface receptors, including integrins [28] . Thus, the results of the present study suggest that pathways associated with the ECM play an important role in the occurrence of GC and could be potential therapeutic targets.
PPI networks were constructed, and the most closely related genes were identified: COL1A1, COL3A1, COL1A2, COL5A2, FN1, THBS1, COL5A1, SPARC, COL18A1, and COL11A1. Among these, 
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COL1A1, COL3A1, COL1A2, COL5A2, COL5A1, COL18A1, and COL11A1 belong to the collagen family, which comprises 28 members (I-XXVIII) [29] . Each collagen consists of 3 polypeptide chains (a chains) numbered with Arabic numerals [29] . For instance, collagen type V a2 (COL5A2) encodes the pro-a2 chains of type V collagen, and collagen type III a1 (COL3A1) encodes the pro-a1 chains of type III collagen. As key structural components of the ECM, collagens have been found to be overexpressed in multiple cancers to provide a rigid matrix that facilitates tumor growth [25] . The expression of COL1A1 and COL1A2 has been confirmed by some researchers [30, 31] to be upregulated in GC tissues compared to levels in normal tissues and may predict an adverse prognosis in GC patients [32] . Furthermore, Zhang et al. found that COL1A1 promotes CRC metastasis and may serve as an oncoprotein by regulating key genes in the WNT/PCP signaling pathway [33] . Ao et al. found that the silencing of COL1A2 inhibits the proliferation and promotes the apoptosis of GC cells through the PI3k-Akt signaling pathway [34] . Overexpression of COL3A1 has been confirmed in many cancers, including bladder cancer [35] , glioblastoma [36] , and GC [37] . Boguslawska et al. found that the expression of some genes related to adhesion and ECM remodeling, including COL1A1, COL5A1, and COL11A1, was upregulated in renal cell carcinoma compared with levels in controls [38] . COL5A1 is also reported to be involved in breast cancer [39] , oral squamous cell carcinoma [40] , lung adenocarcinoma [41] , and GC [42] . COL5A2 has previously been found to be associated with the pathological processes of osteosarcoma [43] , bladder cancer [44] , and GC [45] . The role of COL18A1 is discrepant in different cancers. Fang et al. found that COL18A1 may be involved in bladder cancer progression, as its expression was increased with the progression of pathological stage [46] . However, a study by Qiu et al. found that the expression level of COL18A1 was negatively correlated with metastasis of melanoma, indicating that COL18A1 can inhibit the proliferation and metastasis of melanoma [47] . Nevertheless, there are few published investigations of the expression of COL18A1 in GC. Furthermore, other hub genes may additionally be involved in the metastasis of GC. Secreted protein acidic and rich in cysteine (SPARC) is regarded as a collagen chaperone because it binds to the procollagens and its existence is essential for collagen deposition in tissues [29, 48] . SPARC overexpression has been demonstrated in some cancers, such as pancreatic cancer [49] , esophageal squamous cell carcinoma [50] , and GC [51] . In contrast, some studies have shown that SPARC expression is reduced in bladder cancer [52] and acute leukemia [53] . Fibronectin (FN) is a glycoprotein component of the ECM involved in cell adhesion, migration, metastasis, proliferation, and differentiation [54] . Recent evidence showed that FN is overexpressed in GC cells and that microRNA-200c can suppress the proliferation of GC cells by selectively downregulating FN expression [55] . Thrombospondin 1 (THBS1) is an extracellular glycoprotein that plays multiple roles in the ECM and cell-cell interactions [56] . Numerous studies have confirmed a role for THBS1 in cell invasion and migration. However, conflicting results have been obtained in different cell types [57] . In GC cells, Huang et al. demonstrated a marked overexpression of THBS1 when compared to levels in adjacent normal tissues. Nevertheless, THBS1 was correlated with well-and moderately-differentiated tumors, clearly indicating a less aggressive tumor biology [56] .
In the present study, we also evaluated the prognostic value of the hub genes in GC using Kaplan-Meier analysis. The results showed that high expression of COL1A1, COL1A2, COL5A2, COL11A1, COL18A1, FN1, and SPARC was related to poor OS in patients with GC. These results suggest that these genes may provide novel tools for prognostication, as well as drug targets for GC patients.
Additionally, the 3 most significant modules were extracted from the PPI network. Module 1 was mainly associated with the ECM and collagen, which have been thoroughly discussed above. Interestingly, we found that the significantly enriched pathways and most of the corresponding genes of Module 2 were mainly associated with platelets and hemostasis. It has been demonstrated that cancer increases the risk of thrombosis by 4-fold, indicating a close relationship between cancer and platelet activation [58] . Platelets induce cancer cell plasticity and result in the enhancement of extravasation and survival during the process of circulating tumor cell dissemination [58, 59] . Similarly, tumor cells induce platelet aggregation, suggesting that the interaction between platelets and cancers is reciprocal [58, 59] . Mikami et al. showed that platelets promoted the proliferation of GC cells [60] . Hiroto found that platelets contribute to creating a favorable microenvironment for resistance to chemotherapy [61] .
Increasing evidence has shown that circRNAs are abundant and stable RNAs in mammalian cells and are important regulators of some biological processes related to cancer, including cell invasion and metastasis [62] . The most well-known function of circRNAs is their ability to "sponge up" miRNAs, thus serving as competitive inhibitors and suppressing the ability of the miRNA to bind its mRNA targets [63] . However, at present, the biological functions of most circRNAs are unclear, and studies of the underlying functional pathways and the co-expression networks among circRNAs, miRNAs, and mRNAs in GC are limited. In the present study, 3 circRNA expression profiles were analyzed to identify DE circRNAs between human GC and adjacent non-tumor tissues. Two DE circRNAs were identified, including hsa_circ_0000332 (111 nt), whose parent gene is pyruvate carboxylase (PC), located at chr11:66626276-66626387, and hsa_circ_0021087 (340 nt), whose parent gene is LIM domain only 1 (LMO1), located at chr11:8248521-8252051. Investigations of the biological functions of these 2 circRNAs have not been reported. Additionally, to reveal the comprehensive circRNA-related regulatory network in GC, DE circRNAmiRNA-mRNA networks were constructed, showing that hsa_ circ_0021087 in particular may play a more critical circRNA role in GC. The construction of circRNA-related regulation networks in GC may provide valuable information for exploration of the potential mechanisms of circRNAs in GC.
The present study was limited by the fact that all results were derived from bioinformatics analysis and lacked corresponding experiments. Functional research is necessary to explore the potential mechanisms of the DEGs and DE circRNAs in GC. The roles of DEGs and DE circRNAs in prognosis and therapy require further investigation in large clinical samples.
Conclusions
Using integrated bioinformatical analysis, we identified 507 DEGs in GC. PPI network analysis identified 10 hub genes: COL1A1, COL3A1, COL1A2, COL5A2, FN1, THBS1, COL5A1, SPARC, COL18A1, and COL11A1. Kaplan-Meier analysis revealed that 7 of the hub genes were associated with poor OS in GC patients. GO and KEGG analysis indicated that these genes are enriched in a variety of functions and pathways, among which ECM-related pathways may be the most important in GC. Furthermore, we identified 2 DE circRNAs: hsa_circ_0000332 and hsa_circ_0021087. To reveal the comprehensive circRNArelated regulatory network in GC, DE circRNA-miRNA-mRNA networks were constructed. Although further validation of the present results is required, this study provides useful information for exploration of potential biomarkers and targets for the diagnosis, prognosis, and therapy of GC. 
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